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Abstract 
Wireless sensor networks (WSNs) are a consolidated technology with high potential in the Internet of Things. One of the main 
challenges of WSN is energy optimization. Many routing algorithms have been proposed for saving WSN energy; however these 
approaches provide mono-objective optimization which is not suitable for most network performance conditions. In this regard, 
MOR4WSN is a WSN routing mechanism based on a multi-objective evolutionary optimization algorithm called NSGA-II. 
MOR4WSN aims to reduce network energy consumption through optimization of sensor distribution. This paper presents the 
crossover operator in MOR4WSN for energy optimization in hierarchical WSN based on NSGA-II. 
 
© 2015 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Internet of things (IoT) is based on the pervasive presence of elements such as sensors and actuators which 
interact with each other in order to reach a common goal [1]. Among this wide set of elements, wireless sensor 
networks (WSNs) play an important role as they allow to collect information from the context which is useful for 
decision making [1]. Nowadays one of the main challenges of WSN is energy saving [2], given the fact that sensors 
have limited energy sources which usually cannot be recharged once networks are deployed. In this sense, the higher 
energy consumption is produced during data transmission phase due to the use of radiofrequency modules [3][4]. 
Consequently, battery saving can be achieved by reduction of data transmission by optimization of information 
gathering paths, i.e. optimization of WSN routing topology. Regarding topology optimization diverse factors must be 
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considered such as: distance between sender and receiver sensors, packets length, etc.; therefore this optimization 
may be seen as a multi objective optimization problem. 
 
Many approaches [3][4][5][6][7] used bio inspired techniques for routing optimization; however, these works 
don’t consider multi objective optimization. MOR4WSN is a WSN routing mechanism based on a multi-objective 
evolutionary optimization algorithm called NSGA-II [8], MOR4WSN [9] uses objective functions creating a set of 
optimal WSN routes [10] and subsequently uses a binary index for refining the search [11]. This paper presents 
design and implementation of crossover operator used in MOR4WSN as well as the experimental results. The rest of 
this paper is organized as follows: Section 2 describes WSN modeling using genetic algorithms; Section 3 presents 
the algorithm design for crossover adapting. Section 4 shows experimental evaluation of MOR4WSN in WSN 
networks, and Section 5 details conclusions and future work. 
2. WSN modeling in genetic algorithms 
2.1. WSN terminology 
WSNs are composed of sensors known as source nodes whose function is to gather information from environment 
and to communicate with other nodes through wireless technologies in order to send data to a central point known as 
base station where information analysis can be performed. As a WSN lacks of physical infrastructure, different 
topologies can be adopted according to domain needs. The most common topology for high scale network 
deployments is tree based or hierarchical. Fig. 1 shows a directed acyclic graph representing a WSN rooted with the 
base station while the rest of the nodes are data sources and the directed edges indicate its next hop node for data 
transmission. Terminology associated is: Source node: node that picks up data from environment and sends it to the 
base station. Leaf node: node that does not have children in the tree, that is, the one that does not receive data from 
other nodes to be transmitted to the base station. Tree depth: maximum amount of hops between nodes that must be 
done by a source node (a leaf node) for reaching a base station. Routing node: receives data from other nodes, and 
retransmit it to other node adding its own data. WSN routing: needed mechanisms to carry out data transmission 
from source to destination [12]. Network longevity: time period counted from WSN start-up until the moment in 
which one node or a percentage of nodes is unable of sending data to base station. Network longevity is directly 
affected by energy consumption, which in turn is associated to data routing [4][5]. 
 
Fig. 1. WSN with hierarchical topology. 
2.2 Genetic algorithms 
Genetic algorithms start from a set of randomly generated possible solutions (initial population) represented as 
chromosomes (or individuals) that consist of a set of gens with the same length. Gens at chromosomes keep data and 
value through indices and alleles that represent any possible problem solution as shown in Fig. 2. Genetic algorithms 
use fitness function to evaluate each individual along all generations assigning a rank value that determines the 
proximity of each one to the optimal solution. In order to get closer to the optimal solution, diverse genetic operators 
are applied to the initial population: selection choose a percentage of the best ranked chromosomes from the current 
population to be parents of the next generation and operates them by pairs applying the process of crossover which 
allows to create offspring (children chromosomes) from the combination of the parent’s genetic information. 
Mutation alter genetically one individual information in order to improve the criteria to be optimized [13].  
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Fig. 2. Chromosome with 6 gens. 
 
2.3 Multi-Objective Genetic Algorithms (MOGA) 
 
In contrast to simple (mono-objective) genetic algorithms, multi-objective genetic algorithms (MOGA) aim to find 
solutions that require optimization of several objectives (which may be opposed to each other) at the same time. 
Most of the existing multi-objective algorithms have a computational complexity of 0(mN3) [8], where m is the 
number of objectives and N is the size of the population. In order to get a lower complexity NSGA II (Fast Elitist 
Non Dominated Sorting Genetic Algorithm) reduces search spaces by applying two concepts: elitism and diversity 
preservation. With this modification NSGA II reduces complexity to 0(mN2) [8] [14]. 
2.4 WSN Modelling in genetic algorithms 
 
Hierarchical WSNs are modelled in chromosomes [5][6][7]. Let N be the total of nodes in a WSN (Fig. 3a), each 
node is labelled with an integer from 0 to N and base station is always marked as N-1. Chromosome in Fig. 3b 
represents such routing scheme where the index corresponds to the identifier of a source node and the allele 
indicates the next-hop node of such labelled index. It can be observed in Fig. 3b that gen value in index 0 is 2 
indicating that node 0 selects node 2 to transmit its data, node 2 transmits to node 5, the value in 5 is 6 indicating 
that the next node is the base station. Therefore the full gathering path from node 0 is expressed as the path 0 Æ 2 
Æ 5 Æ 6. One important condition of chromosomes in MOR4WSN to be a valid routing solution, is that the next-
hop node of a source node has to be within its communication range (neighbor nodes), what is known at during 
WSN deployment. 
   a   b 
 
 
 
 
 
 
 
 
Fig. 3. (a) Directed routing tree in a WSN; (b) Chromosome representing the directed tree. 
3. Crossover in MOR4WSN 
Crossover can be seen as the core operator in genetic algorithms, there exists several crossover types [13]; 
MOR4WSN uses two point crossover (crossover points are randomly chosen). As shown in Fig. 4 two point 
crossover may generate children (routing topologies) which are not trees. As MOR4WSN must guarantee that any 
potential solution along all generation populations is a valid routing tree; therefore, at least two corrections are 
necessary during crossover application: i) Avoid cycles formation while creating children individuals ii) Base station 
must appear as allele in the structure representing the children. 
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Fig. 4. (a) Topology of parents P1 and P2; (b) Crossover points in P1 and P2; (c) Children CH1 generated by crossover between P1 and P2. 
 
Let P1 and P2 be parent chromosomes during performance of NSGA-II two point crossover; let Pl, Pr, Pm be its left, 
right and middle parts respectively (Fig. 5a). CH1 and CH2 are the initially empty children (Fig. 5b).  
   a             b 
 
 
 
 
 
 
   c    d  
 
  
 
 
 
 
Fig. 5 (a) Parent chromosomes; (b) Chromosomes to be children: (c) Copy of sideway parts to children; (d) Copy of middle parts to children. 
Steps for crossover adaptation in MOR4WSN is as follows. Henceforth base station will be named as BS. 
 
1. Copy P1l and P1r to CH1, the same for CH2, as shown in Fig. 5c. 
2. Copy allele by allele from P2m to CH1m provided that this copy does not generate any cycles in CH1, if it 
does, a -1 is set at the conflicting gen. Process is replicated with P1m and CH2m (see Fig. 5d). 
3. If CH1 is complete (does not have -1 value in its alleles) Æ CH1 is a new valid children (can be keeped on 
for the next generation). 
If CH2 is complete (does not have -1 value in its alleles) Æ CH2 is a new valid children.  
4. If CH1 and/or CH2 are not complete Æ Try on CH1 and then CH2. 
Try on CH1 (analog for CH2) 
 
5. Check if CH1 contains the base station. 
Yes Æ Continue to (6). 
No Æ Create a set V containing all i-nodes (i being an index) such that the allele value at ith position in CH1 
is -1, and the BS belongs to i-neighbors. 
         If V  ø, do 
Create a scalar r = random (1, |V|); r value indicates how many source nodes from V will have BS 
as next-hop node. 
Choose randomly r index elements (source nodes) from V and set them the BS as next-hop node 
(allele value) in the routing tree. 
        Else if V = ø, do 
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  Search in P1m which i has BS as next-hop node and set CH1m[i] = BS. 
6. Base station is already included. If CH1 has still -1 allele values (like in Fig. 6) continue. 
 
 
 
 
Fig. 6. Partial state of children chromosome CH1. 
Let T be the sub-tree that has the base station as root, and let Tnodes be the set Tnodes = {BS Ĥ descendants 
from (BS)}. 
 
׊ i : CH1m[i] = -1 
 If i is neighbor of any node in Tnodes, do 
  choose any of them as next-hop node of i.
   If there is still any CH1m[i] = -1, do 
    T’nodes = {i Ĥ descendants from (i)} and continue to 7. 
7. Find a node in Tnodes - named j - being neighbor of any node - named k - of T’nodes, do 
p = CH1[k], CH1[k] = j, CH1[p] = p. 
Previous line means to invert data flow direction of all nodes belonging to the same branch in the tree than 
the conflicting node i.
4. Evaluation 
Evaluation compares WSN lifecycle (in terms of sensing and gathering rounds) using MOR4WSN as routing 
scheme with other routing technique for hierarchical topologies Tree Routing (TR, which is used by ZigBee). Table 
1 lists simulation parameters values; homogeneous networks are assumed, that means all nodes having the same 
initial energy level and its covering range being the same. Results of comparative tests are shown in Figs. 7a and 7b. 
As shown in Fig 7, inclusion of multi objective alternative for selecting tree topology increases network longevity 
even up to 23%. In both evaluated cases, albeit fluctuations in curves showing the number of rounds, MOR4WSN 
exceeds in 85% of measures the longevity of the standard Tree Routing whose only criteria for selecting paths is the 
number of hops from source node to base station [12]. Equally, Fig. 7 shows that advantages in life cycle of 
MOR4WSN are independent of the number of nodes in the network. 
                                               Table 1. Simulation parameters 
Parameter Value Unity / observation 
Population size N N = number of nodes 
Generations 2N 
Crossing probability 0.5 ---- 
Mutation probability 0.5       ---- 
Initial node energy 1000 Unities of energy timer. 
Packet size 128 Bytes. 
Covering range of nodes 2% Percent of total deployment area. 
Minimal energy threshold 10% Percent of initial energy. 
a      b 
 
 
 
 
 
 
 
 
Fig. 7. (a) WSN life cycle until the first node dies; (b) WSN life cycle until 10% of nodes die. 
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5. Conclusions     
Crossover can be seen as the core operator in genetic algorithms since the offspring that is meant to be each 
generation a better solution set, depends on the parents combined genetic information. Multiple works 
[3][4][5][6][7] have focused on designing the fitness function according to hierarchical network performance needs 
in order to reduce energy consumption, even though they modeled the chromosome as showed in subsection 2.4, no 
one of them referenced any adaptation to genetic algorithm operators, not even considered using a multi-objective 
approach. 
This paper presents the crossover operator adapting in MOR4WSN for preserving energy efficient routing trees in 
hierarchical WSN based on NSGA-II. MOR4WSN finds routing structures where valid trees along generations are 
guaranteed in spite the application of NSGA-II two point crossover; therefore optimized solutions in Pareto front are 
also valid routing trees, where a unique solution is chosen by using a binary index as exposed in [11].  
As seen on results from Fig. 7, using an evolutionary meta-heuristic allows to make a topology network that 
advantages WSN lifetime by choosing transmission paths according to network conditions.  
Adaptation of NSGA-II allows to conclude that other genetic operators (mutation and initial population generation) 
must also be tuned carefully to WSN conditions; such adaptations are now being performed. As future work, it is 
envisaged to test MOR4WSN in IoT networks with different devices and features.  
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